Abstract: Tomosynthesis reconstructs 3-dimensional images of an object from a significantly fewer number of projections as compared with that required by computed tomography (CT). A major problem with tomosynthesis is image artifacts associated with the data incompleteness. In this article, we propose a hybrid tomosynthesis approach to achieve higher image quality as compared with competing methods. In this approach, a low-resolution CT scan is followed by a high-resolution tomosynthesis scan. Then, both scans are combined to reconstruct images. To evaluate the image quality of the proposed method, we design a new breast phantom for numerical simulation and physical experiments. The results show that images obtained by our approach are clearly better than those obtained without such a CT scan.
T omosynthesis is a technique for reconstructing an object from a series of projections collected from a scanning trajectory of a limited length. 1 This idea was first put forth by Grant in 1972 and has been significantly advanced since then. 2 As it allows lower radiation dosage than a typical computed tomography (CT) scan, clinical studies have been done in the areas of mammography, 3, 4 chest imaging, 2 dental imaging, 5, 6 and other applications. 7Y9 The first tomosynthesis algorithm, which was mainly based on a backprojection process, suffers from residual errors in reconstructed slices. More sophisticated algorithms, such as ectomography, 10 selective plane removal, 11 matrix inversion tomosynthesis, 12 and filtered backprojection algorithms, 13, 14 were proposed to suppress these artifacts. None of these methods can totally overcome the drawbacks of tomosynthesis due to the data incompleteness.
Over recent years, several iterative algorithms were adapted from CT for tomosynthesis, such as algebraic reconstruction techniques, 15 simultaneous algebraic reconstruction technique, 16 and expectation maximization (EM) algorithms. 17 Generally speaking, iterative algorithms often produce superior results, 18 because a priori knowledge or constraints can be effectively introduced in an iterative reconstruction, 19 although they run slower than analytic algorithms. 20 However, iterative tomosynthesis still suffers from image artifacts and geometric distortion. Image processing methods, such as Gaussian prior 19, 21 and level set methods, 22, 23 were used in such a limited angle reconstruction problem. Nevertheless, the improvement is quite limited and causes other artifacts. Therefore, additional information is desirable to improve the image quality.
In this article, we propose a novel methodology to address the aforementioned problem. Our approach is to integrate a low-resolution CT scan with a high-resolution tomosynthesis scan. We propose to use an arc-and-line orbit for such a CT scan and a smaller arc trajectory for the associated tomosynthesis scan. The needed rotation and translation can be implemented using a C-arm system or the like. Using the latest exact cone-beam algorithm derived by Katsevich, 24,25 a low-resolution CT image volume can be reconstructed. Then, based on the low-resolution image volume, high-resolution tomosynthetic images are reconstructed.
In the following section, our approach is described in detail. In the third section, primary numerical simulations and physical phantom experiments are presented to demonstrate its clinical potential. In the last section, relevant issues and further research are discussed.
MATERIAL AND METHODS
In this project, we focus on image reconstruction from a limited number of high-resolution tomosynthetic projections based on a low-resolution CT scan. The imaging geometry is shown in Figure 1 . An arc-and-line orbit is assumed to acquire the low-resolution CT data (Fig. 1A) , and a smaller arc is to collect high-resolution tomosynthetic data (Fig. 1B) . These 2 data sets are integrated to reconstruct tomosynthetic images. With the low-resolution CT scan, the global features of the object are reliably reconstructed. Then, with the highresolution tomosynthetic data, finer structures of the object are approximately reconstructed. By incorporating CT data into tomosynthetic data, we can obtain results with much reduced artifacts. Also, by adjusting the resolution ratio between CT and tomosynthetic scans, the dose can be controlled to an appropriate level.
The Katsevich algorithm (1) can be used to reconstruct an image volume from data collected along an arc-andline orbit. 26 This algorithm can be used to handle the conebeam scanning along a circular arc plus a line segment in a shift-invariant filtered-backprojection format. 
where f(x) is a 3-dimensional object function; c m , the weighting function; D f , the projection data; and A and >, vectors to define the filtering directions according to the scanning geometry. In this feasibility study, the transmission EM algorithm 17 was adapted for the tomosynthesis reconstruction because the prior knowledge and regularization can be naturally included to compensate for the data incompleteness. This EM algorithm is based on the Poisson model of the photon count as follows. For each projection indexed by i, let W i be the total number of photons from the source to the detector, and Y i the actual number of photons detected. The initial photons reach the detector with a probability e j~j ZI i l ij K j , where j is the voxel index, I j represents the set of voxel contributing to the ith x-ray path, and l ij gives the equivalent length of the segment along the projection line i that intersects voxel j. Therefore, the log likelihood over all projections is given by the following expression:
where Y and K are vectors whose components are Y i and K j respectively, d i is the x-ray dose per ray which is equal to $t i > i = I 0 , $t i is the time interval over which the ith projection is collected, and > i is the source intensity. The projection can be computed as
As it was formulated in Lang and Fessler, 28 the updating scheme can be written as:
Prior knowledge can be incorporated into the EM algorithm by adding regularization terms, choosing a proper initial guess, and so on. As optimization with regularization terms is not very effective and increases the optimization time significantly, the initial guess is using the low-resolution CT result (f CT ). Because of data incompleteness, the final FIGURE 1. System geometry. Low-resolution CT scan (A) and high-resolution tomosynthesis scan (B). tomosynthetic result of the EM algorithm is not unique. As such, setting the initial value to f CT gives the tomosynthesis process an unbiased starting point. That is, we can use the following formulas:
Generally speaking, our algorithm consists of the following steps ( Fig. 2): 1. Acquire a low-resolution CT (eg, 4-fold degradation in image resolution relative to what is actually desired in the tomosynthesis); 2. Acquire a high-resolution tomosynthetic scan (eg, 30 projections over a 60-degree angular range); 3. Reconstruct an image volume of the object from lowresolution CT data using the Katsevich algorithm. As the radiation dose is very low, some denoising method can be used; 4. Perform tomosynthesis from high-resolution projections based on the low-resolution CT result using the transmission EM algorithm. Its updated formula is given in Eq. (4) with the initial value being the low-resolution CT reconstruction.
As the low-resolution CT scan will cause additional dose, we will show that such dose increase is very small as compared with tomosynthesis scan. The dose of the CT and tomosynthetic scan can be estimated as follows. Here, the image data acquired from low-resolution CT and tomosynthetic scan have equal the signal-to-noise ratios (SNRs), which refer to the magnitude of the signal compared with the magnitude of the random fluctuations in each image pixel. For x-ray photons, the random fluctuation is a Poisson distribution, its SNR is proportional to N Photon which is the number of photons received by a detector pixel. If an x-ray spot size is kept the same and the detector pixel size is enlarged by a factor n, for the same SNR in the enlarged detector pixel, the N Photon of the enlarged pixel should be the same as that of original pixel. Thus, the required dose ratio of 1 projection image between low-resolution CT and tomosynthesis is given by 29 :
Where Dose CT,1projection is the dose of 1 low-resolution CT projection image, and Dose Tomosyn,1projection is the dose of 1 tomosynthetic projection image. Based on our experiment setup, the ratio is approximately 0.25; thus, the dose increase is relative small.
NUMERICAL SIMULATION AND PHYSICAL PHANTOM EXPERIMENT
Mammography was simulated in this study. Figure 3 shows the system setup. The breast and body are modeled by spherical and box phantoms, respectively. We have designed a breast phantom for such uncompressed mammography. The detailed description of this phantom is shown in the following paragraph.
Currently, there are several kinds of commercially available phantoms 30 for mammography, such as ACR phantom, MISTY phantom, Uniform Phantom, and so on. They usually contain clinically important structures which simulate mass, calcifications, and fibrous structures. But all these phantoms are for compressed mammography, not suitable for our scheme. So we designed a breast phantom (Fig. 4) for the uncompressed mammography which contains clinically important features: mass, calcifications, and fibrous structures. This phantom contains structures with different sizes and contrast which facilitate the evaluation of image quality. The attenuation coefficients are chosen for x-ray with 25 keV, 31, 32 and the size of the structure is similar to the typical size of those commercial phantoms.
The geometry described in Tables 1 and 2 was used to acquire low-resolution CT and high-resolution tomosynthetic data, respectively. All variables are in mathematical units (eg, 1 unit = 15 cm or 11.8 in).
Figures 5Y9 present the results of our simulation. Clearly, the low-resolution CT scan only produced a rough background with correct geometry, which is used by tomosynthesis to reduce the geometric distortion. Compared with low-resolution CT, our method has similar or better contrast (Fig. 5) : the low-contrast fibrous and mass structures are visually better than low-resolution CT image and, benefited from high-resolution tomosynthetic scan, our method has higher ability to find tiny structures, such as the calcifications (Fig. 6) and mass structures (Fig. 7) . On the other hand, tomosynthesis induced geometrical distortion and coupling artifacts, which compromised contrast and resolution a lot (Figs. 5Y8) . To analyze the convergence properties of our method and conventional tomosynthesis (EM), mean-square error (MSE) and maximum error were evaluated. As shown in Figure 9 , our method had a much better starting position, that is, the MSEs and maximum errors with our method were much smaller than those with conventional tomosynthesis. It is also observed that the MSE with our method decreased very slowly after 2 to 3 iterations, whereas its maximum error keeps changing. Overall, our method can reconstruct 3-dimensional object more reliably, with less distortion, high contrast, and high resolution.
Furthermore, our method is tested on our experimental platform ( Fig. 10A ) with a physical phantom (Fig. 10B ) similar to that used in the numerical simulation. The experimental platform was based on a digital mammography system (Selenia System, Hologic Company; Fig. 10C) Tables 3 and 4 .
Representative results obtained using several methods are shown in Figures 11Y13 , where we can observe that our method produced much better image quality than that from low-resolution CT and tomosynthesis separately. Our method can achieve higher resolution and reveal more detailed structures than low-resolution CT, because higher resolution data from the tomosynthetic scan are incorporated. For example, our method revealed more calcifications (Fig. 11 ) and more inner structures (Fig. 12) . The profile obtained using our method is much more faithful than that from lowresolution CT (Fig. 13) . Also, our method has less geometrical distortion and artifacts than traditional tomosynthesis results, because our method is regulated by low-resolution CT. For example, the contrast resolution with our method is improved as compared with the normal tomosynthesis (Figs. 11Y13) . Currently, the image quality has not been optimized yet, as our system is still in the prototype stage. There exists some x-ray hardening effect in the reconstructed image.
DISCUSSION AND CONCLUSIONS
Using our hybrid approach, we have been able to eliminate geometric distortion and minimize the shift and coupling artifacts as demonstrated in Figures 5Y8 . A primary reason is that the outcome of the iterative reconstruction depends significantly on its initial value in the tomosynthesis. In our approach, we have set the initial value to the lowresolution CT reconstruction to avoid the bias at the beginning. Hence, by integrating low-resolution CT data with high-resolution tomosynthesis data, it is feasible to obtain superior tomosynthesis quality.
The latest cone-beam method 33 used in our work can exactly reconstruct an image from a complete data set. This provides the optimal initial value than other approximate reconstructions, such as the FDK algorithm. 34 There would be a substantial density drop in images obtained using approximate algorithms when the cone angle is not small. Thus, approximate algorithms require large gantry radius to obtain comparable image fidelity.
Our iterative reconstruction scheme is computationally more efficient than other iterative algorithms. Typically, tomosynthetic EM algorithms need approximately 8 iterations or more. 35 However, we have set the initial value in reference to an exact CT reconstruction. The MSE with our method changes very slowly after a few iterations (Fig. 9A) , which means that the reconstructed image becomes very close to the real image. As a result, we may greatly reduce the computational cost as well using this integrated imaging mode.
Although the low-resolution CT scan delivers an additional radiation dose, it is only a small portion of the tomosynthesis scan based on our analysis. Therefore, the total dose is similar to conventional tomosynthesis. To get more accurate dose estimation and image quality evaluation at a certain dose, further detailed work on will be done through real dose measurement 36 or Monte Carlo simulations. 37 In conclusion, we have developed and demonstrated a novel tomosynthesis approach to achieve better image quality than the competing techniques. Our key idea is to combine a low-resolution CT scan with a high-resolution tomosynthesis scan. Our results in the numerical simulation and physical experiments have demonstrated that the image quality with our integrated approach is significantly better than that using tomosynthesis data exclusively.
